Although global manufacturers can produce most of their final products in local plants, they need to source components or parts from desirable overseas manufacturing partners at low cost in order to fulfill customer orders. In this global manufacturing environment, capacity information for planning is usually imprecise owing to the various risks of overseas plants (e.g., foreign governments' policies and labor stability). It is therefore not easy for decision-makers to generate a global production plan showing the production amounts at local plants and overseas manufacturing facilities operated by manufacturing partners. In this paper, we present a new global production planning process considering the supply risk of overseas manufacturing sites. First, local experts estimate the supply capacity of an overseas plant using their judgment to determine when the risk could occur and how large the risk impact would be. Next, we run a global production planning model with the estimated supply capacities. The proposed process systematically adopts the qualitative judgments of local experts in the global production planning process and thus can provide companies with a realistic global production plan. We demonstrate the applicability of the proposed process with a real world case.
Introduction
In recent years, most global manufacturers have pursued distributed manufacturing by cooperating with manufacturing partners to increase responsiveness to customer demand and avoid lost sales. However, global production environments are naturally uncertain, since various unexpected events can occur at overseas manufacturing sites. Machine breakdown, maintenance, labor strikes, and political instability are some of the major risks when trying to generate global production plans for upcoming planning periods. Moreover, collaboration with foreign manufacturing partners makes the global production environment more complex and uncertain, since it is more difficult for the manufacturer to obtain precise information about foreign manufacturing partners than to gather information from inside the company.
In this uncertain global production environment, global production planning (GPP) considering both local plants owned by the manufacturer and global manufacturing sites operated by manufacturing partners located in foreign countries has become an important issue.
A quick, rough estimation of the production capacities of foreign manufacturing sites for the upcoming planning periods is required to generate a global production plan. How then can a manufacturer estimate the supply capacity of overseas manufacturing sites? Among the various supply risks mentioned above, machine breakdown and maintenance occur regularly and thus can be considered in GPP by adopting a probabilistic approach. However, other risks also exist which are not well captured using the probabilistic approach. Foreign governments' policies, labor strikes, and political instability are representative risks that cannot be easily specified in advance. Thus, local experts who can better anticipate upcoming risks might be able to provide their opinions to the manufacturer when generating the global production plan. In fact, this research is motivated by a real world footwear supply chain, which will be presented in a later section. Practitioners' requirements are twofold: (1) to develop 2 Mathematical Problems in Engineering a reasonable way to estimate the supply capacity of foreign production lines considering the above-mentioned risks and (2) to reflect the opinions of local experts in such an estimation.
In this paper, we propose a new GPP process considering the supply risks of overseas manufacturing sites. In the proposed planning process, first, local experts estimate the supply capacity of the overseas plant using their judgment of when the risk could occur and how big the risk's impact would be. Second, we run a GPP model with the estimated supply capacities.
The paper is organized as follows. Related research works are presented in Section 2, and the proposed GPP model and related planning procedure are introduced in Section 3. In Section 4, a case study based on a real world industry is presented to show how the proposed process can be utilized. Finally, Section 5 suggests some future research directions with concluding remarks.
Related Research

Global Production Planning.
For production planning models considering global supply chain network, a number of researches are investigated. Tsiakis and Papageorgiou [1] proposed a static mixed integer linear programming (MILP) model to formulate a strategic optimal planning problem for multiechelon supply chain networks with some financial considerations. Liu and Papageorgiou [2] developed a multiobjective MILP model for production, distribution, and capacity planning of global supply chains. They considered cost, responsiveness, and customer service level simultaneously, while many researchers only considered single criterion for the global production planning problems. Martínez-Costa et al. [3] reviewed strategic capacity planning models and analyzed the objective function and constraints. Additionally, they classified mathematical models according to the characteristics of the model and the solution procedures. Lanza and Moser [4] described an approach for the strategic planning of global changeable production networks. The proposed approach is based on scenario forecasting for global production networks and a multiobjective optimization to identify the optimal network configuration. Shah and Ierapetritou [5] addressed the integrated planning and scheduling problem for the multisite, multiproduct batch plant. To solve the multisite production and distribution optimization problem, they applied augmented Lagrangian relaxation method. Meanwhile, Díaz-Madroñero et al. [6] reviewed tactical optimization models for integrated production and transport routing planning. They focused on the simultaneous consideration of production and transportation activities in globalized supply chains.
In recent years, managing supply and demand uncertainty in a global supply chain network has received much attention. Jabbarzadeh et al. [7] proposed a realistic production-distribution planning model with the robustness to common supply interruptions and demand variations. From numerical results, they examined the benefits of consideration of both supply and demand uncertainties and investigated the price of robustness under various supply and demand scenarios. Sahling and Kayser [8] addressed a stochastic supply network planning model with vendor selection. In this model, the supply chain configuration is determined by using long-term demand forecasting. They proposed a two-stage stochastic programming approach and numerical results showed a robust and stable supply chain network configuration under demand uncertainty. Most of the recent research focused on demand variations or uncertainty and did not consider the uncertainty for production capacity of overseas manufacturing sites.
Supply Chain Risks.
Supply chain risks have been widely investigated for the past decade, as several supply chain disruptions such as natural disasters and the global financial crisis occurred [9] [10] [11] . Unpredictable supply chain risks can cause undesirable operational and financial impact [12] . Thus, many researchers have focused on supply chain risk management. Tang [13] reviewed various quantitative models for managing supply chain risks and classified them into supply management and demand management. For example, supply risks can be caused by uncertain supply yields, uncertain lead time, uncertain supply capacity, and so on. Demand risks can be caused by shifting demand across time, markets, and products. Ritchie and Brindley [14] explored the interaction between risk and performance in a supply chain context, presented a new framework to integrate the dimensions of risk and performance in supply chains, and analyzed risk drivers. Tang and Tomlin [15] addressed the importance of supply chain flexibility for mitigating supply chain risks and presented a unified framework and five models to show that firms can mitigate supply chain risks with a relatively low level of flexibility. Chopra and Sodhi [16] defined supply chain risks and their drivers and presented various strategies for mitigating those risks. Oke and Gopalakrishnan [17] categorized risks into inherent/high-frequency risks and disruptive/ infrequent risks and identified generic risk mitigation strategies.
Supply chain risks that can affect global manufacturing can be categorized as follows: operational risks, macro risks, and policy risks [10] . Among operational risks, risks from the machine or system can be taken into account by analyzing the historical process/system data and calculating various probabilities regarding process/system failure/breakdown. However, operational risks from human labor are more difficult to predict in terms of timing and impact. Furthermore, since both macro and policy risks (i.e., exogenous risks) are naturally uncertain, they cannot be fully estimated by any quantitative approach. Thus, the judgments of local experts could be used to get a rough estimation of how to manage such risks (i.e., labor-related operational risks, macro risks, and policy risks) in planning.
Even if there were lots of researches dealing with the quantitative models and methods for supply risk assessment, most of them have focused on the decision-making problem itself under supply risk environments. Thus, it seems that the risks in those researches were assumed to be probabilistic considering historical data or to be any predetermined scenario. Recently, the extensive review on supply chain risk focusing on definition, measure, and modelling was conducted by Heckmann et al. [18] . According to their review paper, one of the most important but not explored research topics regarding supply chain risk is to consider the attitude of the decision-makers. Supply chain risk, as risk in general, may be regarded as a subjective concept that relies on the individual's assessment of potential outcomes rather than an objective concept [19] . Thus, decision-makers' preferences have a decisive influence on the measurement of future supply chain performances and decisions [18] . In this paper, we focused on how the local experts judge the upcoming risks and tried to provide a systematic approach to reflect their opinions on the supply capacity estimation. Unlike the previous related researches, the proposed approach in this paper can be a good alternative to directly consider the attitude or preference of the decision-makers when judging the potential risks.
Managing Risks in Supply Chain
Planning. For the past decade, many researchers have tried to incorporate supply chain risks in many supply chain planning problems. To manage supply chain risks, two representative approaches were adopted: stochastic programming and fuzzy mathematical programming. In general, stochastic programming approaches that involve risks are particularly suited for problems, where the risk-related data evolve over time and decisions have to be made prior to observing the entire data stream. Among the various risks, machine/system-related operational risks can be best handled by stochastic programming approaches. In practice, it is common to use scenarios to consider the expected risks in stochastic programming models [20] . Applications of stochastic programming for multisite production planning or supply chain planning can be found in Leung et al. [21] , Zhang et al. [22] , Karabuk [23] , and so on. In fuzzy mathematical programming, some of the parameters and constraints are set to be fuzzy numbers and fuzzy equations, respectively. Some researchers have tried to apply the fuzzy mathematical programming to supply chain planning problems [24] [25] [26] . Each approach has pros and cons. If there is enough historical data regarding supply chain risks, stochastic approaches can be used to manage upcoming risks, as mentioned above. However, when historical data are unreliable or unavailable, this may not be the best choice [27, 28] . Compared with stochastic approaches, fuzzy approaches provide greater computational efficiency and flexibility in fuzzy arithmetic operations [29] .
In this paper, we propose a new approach consisting of two steps: (1) estimating supply risks in terms of timing and impact and (2) generating a global production plan using a mixed integer linear programming (MILP) model. In the first step, we adopt fuzzy theory to convert the experts' qualitative judgments of the supply risks into the estimated supply capacity. Owing to the characteristics of the risk handled in this paper, fuzzy theory is adopted instead of stochastic approaches. Furthermore, the MILP model is used to generate the global production plan once the supply capacities are estimated.
The GPP Process
Model.
We propose a GPP model. The basic structure of the model is based on the real world case presented in Section 4.
To formulate the mathematical model, the following assumptions are required:
(i) The supply chain is composed of a foreign supplier (i.e., original equipment manufacturer), a manufacturer, a distribution center, and a market.
(ii) Products are moved from the manufacturer to the markets via the distribution centers.
(iii) Demand is forecasted and known to a decisionmaker.
(iv) Unit production cost, setup cost, and inventory holding cost are precise and vary across locations, periods, and product types.
(v) Production capacity of the foreign suppliers is imprecise owing to the supply risk.
(vi) All the costs, product prices, and capacities are known to the decision-maker.
(vii) Planning is done for the upcoming several months, and the basic time unit is a month.
(viii) Production lead time is negligible owing to large time bucket (i.e., month) problem characteristics. 
Parameters
: market price for one unit of product sold to customer during period , 1 : unit production cost for component in production facility during period , 2 : unit production cost for product in assembly facility during period , 1 : production setup cost for component in production facility during period , 2 : production setup cost for product in assembly facility during period , 1 V : cost of transporting one unit of component from production facility to assembly facility using vehicle V during period , 2 V : cost of transporting one unit of product from assembly facility to distribution center using vehicle V during period , 3 V : cost of transporting one unit of product from distribution center to customer using vehicle V during period , ℎ 1 : unit inventory holding cost for component in production facility during period , ℎ 2 : unit inventory holding cost for component in assembly facility during period , ℎ 2 : unit inventory holding cost for product in assembly facility during period , ℎ 3 : unit inventory holding cost for product in distribution center during period , 1 : inventory capacity of production facility during period , 2 : inventory capacity of assembly facility during period , 3 : inventory capacity of distribution center during period , : storage space required for one unit of component , : storage space required for one unit of product , : production capacity required to produce one unit of component in production facility , : production capacity required to produce one unit of product in assembly facility , : production capacity of production facility during period , : production capacity of assembly facility during period , 1 : transportation capacity from production facility to assembly facility during period , 2 : transportation capacity from assembly facility to distribution center during period , 3 : transportation capacity from distribution center to customer during period , 1 V : transportation time (months) from production facility to assembly facility using vehicle V, 2 V : transportation time (months) from assembly facility to distribution center using vehicle V, 3 V : transportation time (months) from distribution center to customer using vehicle V, : demand for product by customer during period , : amount of component required to produce one unit of product .
Decision Variables
: amount of component produced in production facility during period , : amount of product produced in assembly facility during period , 1 V : amount of component transported from production facility to assembly facility using vehicle V during period , 2 V : amount of product transported from assembly facility to distribution center using vehicle V during period , 3 V : amount of product transported from distribution center to customer using vehicle V during period , 1 : inventory amount of component in production facility during period , 2 : inventory amount of component in assembly facility during period , 2 : inventory amount of product in assembly facility during period , 3 : inventory amount of product in distribution center during period , : binary variable to capture the setup cost of component produced in production facility during period , : binary variable to capture the setup cost of product produced in assembly facility during period .
The GPP model is expressed as follows:
subject to
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, ∈ {0, 1} ∀ , , , , .
The objective function (1) works to maximize total profit (sales revenue minus total costs). Constraint (2) models the inventory balances of components at production facilities considering the departing amounts towards assembly facilities. Constraint (3) models the inventory balances of components at assembly facilities considering the incoming amounts from production facilities and the production amounts of products. Constraint (4) models the inventory balances of products at assembly facilities considering the departing amounts towards distribution centers. Constraint (5) is also the inventory balance equation at the distribution centers considering both incoming and departing amounts. Constraint (6) limits the transportation amount from the delivery centers to customers to no more than the demand. Constraints (7) and (8) ensure that production capacity is not violated. Constraints (9) and (10) guarantee that the setup cost is incurred when production starts. Constraints (11), (12) , and (13) address the inventory capacities at the production facilities, assembly facilities, and distribution centers, respectively. Constraints (14), (15) , and (16) ensure transportation capacity. Constraint (17) indicates that the initial inventories are assumed to be zero. Finally, Constraint (18) is a nonnegativity constraint, and Constraint (19) defines the binary decision variables regarding production setup.
Supply Capacity Estimation Process.
In this paper, to estimate the supply capacities of global manufacturing sites considering risks, we adopt a group decision-making approach that collects and merges the opinions of various supply chain experts who can predict and judge the upcoming risks of those global manufacturing sites. Compared with a traditional single decision-making process involving only a single decision-maker at the headquarters, this group decisionmaking approach might provide a clearer estimation of supply capacities because local experts better understand the societal, political, and economic risks of the foreign countries.
Thus, we newly propose an opinion collecting and merging process for estimating the supply capacity of any foreign manufacturing site considering risks. Two factors are used for estimating the supply capacity: (1) the timing of risk, that is, when the risk will occur during the given month, and (2) the impact of risk, that is, how big that risk will become.
The process of estimating supply capacity using the aforementioned two factors can be depicted as in Figure 1 .
In Figure 1 , the final supply capacity of any foreign manufacturing facility for any month (i.e., the basic time unit) is estimated based on how both factors are set.
In general, supply capacity is assumed to be given as one of the parameters of the production planning mathematical model when generating a production plan. However, in the real world, estimation usually includes a high degree of fuzziness and uncertainty [30] . Furthermore, supply chain experts very naturally provide uncertain answers rather than precise values, and it is difficult to transform qualitative preferences into point estimates [31] .
Thus, we try to estimate supply capacity by asking local supply chain experts two questions regarding the abovementioned factors. The experts are asked to provide their opinion (answers) using the fuzzy approach instead of giving an exact value. For example, an expert can express his or her opinion on the impact of risk as the likelihood that the risk will have a very large impact on production capacity. In the proposed fuzzy approach, linguistic values expressed in triangular fuzzy numbers are used for simplicity and efficiency of computation. Triangular fuzzy numbers are convenient concept for adequately representing and arithmetically manipulating imprecise numerical quantities and subjective preference of decision-makers like our case in various decision-making situations [32] . Triangular fuzzy numbers have been widely used and validated in many applications for solving practical problems of various kinds in real world setting [32] [33] [34] .
A triangular fuzzy number̃can be defined by the closed interval [ , ] including its mean as follows:
For the first question on the timing of risk, the following triangular fuzzy numbers are used to express the experts' answers: an expert could answer a question such as when the risk will occur during the given month using the linguistic expressions in Table 1 .
Of course, if the expert expects no risk, he or she simply answers "4" to this question. From Table 1 and Figure 2 , "4" indicates that risk will not occur during the given month.
The membership function corresponding to Table 1 is shown in Figure 2 . If the number of supply chain experts providing opinions on the timing of risk is (this means that the expert pool consists of supply chain experts), we can obtain different opinions represented as positive triangular fuzzy numbers. Thus, we need to merge those fuzzy numbers into one integrated fuzzy number, . Let us assume that is the lower value of the triangular fuzzy number representing the timing of risk, is the mean value of the triangular fuzzy number representing the timing of risk, and is the upper value of the triangular fuzzy number representing the timing of risk. Then, the integrated fuzzy number̃can be obtained from the following equation: Unless any risks occur during the month, the monthly supply capacity will reach this point
The impact of risk might determine the slope
The timing of risk might determine the inflection point 1 month Once the timing of risk is determined as the integrated fuzzy number (̃), the impact of risk also needs to be determined to estimate supply capacity. Similar to the case of risk timing determination, an expert could answer a question such as how big the risk will become using the linguistic expressions in Table 2 . As for the timing of the risk, if the expert expects no impact from the risk, he or she simply can answer "4" to this question.
The membership function corresponding to Table 2 is shown in Figure 3 .
In Table 2 , unlike the conventional representation, the larger impact of risk has the smaller triangular fuzzy number. This is because the larger impact of risk reduces the slope of the supply capacity line (e.g., the line could stop owing to the large impact of risk). In Figure 3 , the horizontal scale of the membership function can be either lengthened or shortened according to the timing of risk, even if the determinant of the slope is always set from 0 to 4 in our research. For example, if the risk occurs at the beginning of the month, the horizontal scale of the membership function should be longer than it is when the risk occurs later. However, the horizontal scale might be substantially shorter when the risk occurs at the end of month. In short, when estimating supply capacity, the impact of risk can be considered after the timing of risk is discussed among supply chain experts who will give their opinions on the upcoming potential risks. Figure 4 shows two different cases of determining the impact of risk. As in the determination of̃, the integrated fuzzy number representing the timing of risk, different opinions on the impact of risk need to be merged. Let us assume that̃is the integrated fuzzy number indicating the impact of risk, is the lower value of the triangular fuzzy number representing the impact of risk, is the mean value of the triangular fuzzy number representing the impact of risk, and is the upper value of the triangular fuzzy number representing the impact of risk. Then,̃can be obtained from the following equation:
where = min { }, = ∑ =1 / , and = max { }. Once both̃and̃are determined, we need to estimate the supply capacity of foreign suppliers, . The first step is to convert the fuzzy numbers into crisp numbers.
To do this, we need to characterize the given triangular fuzzy numbers by defining the interval of confidence level as follows: For example, when the interval of confidence level is set to ,̃can be characterized as follows:
This is an -cut method known to incorporate the supply chain experts' confidence in their opinions [35] . As shown in (23), the -cut method yields an interval set of values from a fuzzy number: the lower and upper limits of the fuzzy numbers with respect to the -cut. In general, the value of is set between 0 and 1. The degree of uncertainty is greatest and the degree of confidence is least when = 0. The degree of uncertainty decreases and the degree of confidence increases as approaches 1 [36] . Next, we convert the triangular fuzzy numbers into crisp numbers by applying the index of optimism, . A larger value of indicates a higher degree of optimism. The index of optimism is a linear convex combination as follows [37] :
where (̃) and (̃) are crisp values corresponding tõand , respectively, considering the index of optimism and the confidence level of (23) .
The next step for estimating is to generate the final estimated value using (̃) and (̃). As shown in Figure 5 , can be calculated as follows:
where is the possible supply capacity when there is no risk during the month (i.e., four weeks).
Solution Procedure.
If the problem size is not too large, the GPP model can be solved using a conventional branchand-bound algorithm embedded in the commercial optimization software such as IBM ILOG CPLEX and LINGO. Actually, in our case study, the computational time for solving the GPP model was under one second. However, when the problem size is too large to use the commercial optimization software due to the computational burden, we need to consider adopting heuristic approaches which can give a good solution within a reasonable time. In this research, we adopt a genetic algorithm based integrated production planning (GA-IPP) approach developed and validated by Jung et al. [38] . The detailed explanation on the GA-IPP can be found from Jung et al. [38] .
Case Study
To demonstrate the applicability of the proposed method and model, we present the case study of a footwear supply chain. We focus in particular on the shoemaking process. We assume that the shoes are composed of three major components: insole, laces, and body. The shoe body includes all components (like the toe cap and heel) except the insole and laces. This case study is based on a real world company (hereafter A Company) in Korea. To maintain confidentiality, all parameter values in this case study are hypothetical, and the supply chain structure is compressed for the sake of simplicity. A Company produces three types of main products ( = 3) and has three main customers ( = 3) in the domestic and international markets. Furthermore, A Company has two overseas designated production facilities ( = 2) to produce the leather-based body and latex-based insole in Indonesia, and it has one shoemaking (i.e., assembly) line ( = 1) and two distribution centers ( = 2) in Korea. In other words, each overseas production facility produces either the body or the insole using various materials received from local suppliers. A Company can produce a final product by assembling multiple components (i.e., the body and the insole) received from those overseas production facilities. To simplify the case, it is assumed that no other parts or components are needed to produce the final product. Figure 6 shows supply chain of A Company.
The final products then move to the customers via distribution centers by two transport modes (V = 2): air and marine. Furthermore, the basic time unit is a month consisting of four weeks, and the time period is set to be from September to December 2014 ( = 4). Since the supply risks in this research are assumed to be qualitative, such as social, political, and economic issues, the basic time unit of the GPP model is set to the large time bucket of the month. The production facilities in Indonesia had several important labor issues in late 2014. The minimum wage of Indonesian workers increased dramatically based on Indonesian government policy over the past several years. In 2013, the monthly minimum wage was set to about $230, which was almost twice that of 2010 (i.e., $126), despite a fair inflation rate (i.e., 5.3% in 2013) [39] . Thus, A Company's management team is worried about the labor stability of their production facilities and has hesitated to recruit new workers to increase supply capacity. In addition, the turnover rate has been relatively high in the fall for the past couple of years, and the annual wage negotiation, which can lead to labor strikes, was due to occur in December. In short, A Company's management team needed to estimate the supply capacity of their production facilities in Indonesia carefully considering the above-mentioned local risks. To generate the supply capacity of the two production facilities in Indonesia for the upcoming quarter, we applied the supply capacity estimation process from Section 3.2 with the help of three local experts who have worked in these production facilities for more than seven years. Table 3 shows the step-by-step results of the supply capacity estimation process for A Company. First, the ideal supply capacities obtained by assuming the perfect and ideal working conditions are shown in Table 3 (a). Next, we asked the three experts to judge the timing of risk (i.e., when the supply risk could occur during each quarter) using the linguistic expressions in Table 1 (Table 3 (b)). We also asked the three experts to answer the question about the impact of risk (i.e., how big that risk would become) using the linguistic expressions in Table 2 (Table 3 (c)). For reference, because the three experts expected no risk in November, we need not consider the impact of any risks for November. Once the judgments on both the timing and impact of risk are prepared, we can determine their integrated fuzzy numbers using (21) and (22) , respectively (Table 3(d)). The integrated fuzzy numbers can be converted into crisp numbers using (23)- (25) . In (23) and (24), the interval of confidence level is set to 0.8, while the index of optimism is set to 0.5 in (25) according to the previous research [40] . The converted crisp numbers for both timing and impact of risk are shown in Table 3 (e). Finally, using the crisp numbers and (26), we can determine the estimated supply capacities of two production facilities as shown in Table 3 (f).
Using the estimated supply capacities and any other required data, we ran the GPP model. Since the GPP model is a MILP model, we used the MILP module of Gurobi 5.6.2, the commercial optimization software, along with Python programming language, which handles data processing before and after running the GPP model. After running the GPP model, we obtained the results for the sales, cost, and total profit during the planning periods as shown in Table 4 .
Additionally, we tried to compare the proposed supply capacity estimation to the current practice in A Company. The management team of A Company currently employs a simple estimation rule called SER. The basic idea is as follows:
(i) Unless any risks are expected for any given planning period, the supply capacities are set to 90% of the ideal ones shown in Table 3 (a).
(ii) If any risks which can affect production are expected for any given planning period, the supply capacities are set to 60% of the ideal ones. In this case study, the management team of A Company expected the labor risks in September, October, and December. Thus, the estimated supply capacities for two production facilities using SER are as shown in Table 5 .
After running the GPP model with two different settings for the supply capacity, SER and the proposed one, we found that there are no differences in sales between two approaches during the time periods. This was because the sales were pegged to the given demand instead of the supply capacity. Fulfilling the whole demand generates the maximum sales regardless of the settings of the supply capacity unless the supply capacities are set to be much lower than the demand. In other words, with the enough total supply capacity, A Company can provide all the ordered products without shortages regardless of the supply capacity setting. As for the cost, SER showed better results (i.e., lower cost) in comparison with the proposed approach. However, these results were the calculated (or expected) cost only from the generated plan, and thus we needed to compare the costs with the real one which can be checked in four months (i.e., planning periods). With the help of the management team of A Company, we could calculate the approximate percentage gap between the costs obtained from both SER and the proposed approach and the real cost. While there was a 1.07 percentage point gap between the planned cost from the proposed approach and the real cost, SER showed a 2.62 percentage point gap. Table 6 shows those comparison results.
Of course, supply capacity estimation can be considered as another forecasting in the firms, and thus it could be wrong due to its intrinsic limit. However, instead of adopting any simple estimation rule, a more systematic and reasonable way can be adopted to estimate both the timing and the impact of the expected upcoming risks. Based on an interview with the A Company management team, the proposed estimation process looks viable.
Some important findings and managerial implications can be summarized again as follows:
(i) Comparing with the ideal supply capacity used in the previous planning, the estimated supply capacity might give a more reasonable plan which considers the upcoming potential risks. Based on an interview with the management team of A Company, the proposed estimation process generated a better plan in terms of the difference between the expected cost and the real cost. When using SER, the expected total cost seems to be lower at first, but the real cost increased in four months (i.e., planning horizon) due to the unexpected events.
(ii) Since the existing global production planning approach has a relatively little interest in estimating the supply capacity, the decision-maker has a tendency to set the supply capacity to the ideal value without considering risks. But, in the proposed supply capacity estimation process, both the timing and impact of the potential risks can be considered together to set the supply capacity which will be used in global production planning.
With the proposed approach, the decision-makers and the related practitioners will be able to generate a more reliable global production plan carefully considering the supply risk of overseas manufacturing sites.
Conclusions
In this paper, we proposed a new GPP process considering the supply risk of overseas manufacturing sites. As offshoring has prevailed in most global manufacturers to increase cost competitiveness, accurate GPP has become one of the most Table 3: Step-by-step results of supply capacity estimation process. Total profit  Sales  135000  122250  227000  405000  889250  674539  Cost  40512  41781  63802  68617  214711 Unit: USD. important business activities. The accuracy of the plan might affect all following business activities such as human resource management and third-party logistics contracts. Thus, many global manufacturers are developing more systematic and accurate GPP processes. In this regard, firms need to consider how to reflect various risks originating from foreign government policies, regulations, and labor stability in GPP.
In particular, the supply capacities of overseas manufacturing facilities should be determined by predicting the timing and impact of upcoming risks. To do this, we developed a fuzzy theory-based supply capacity estimation process that can systematically merge expert judgments of risks into an integrated value. Furthermore, we checked the applicability of the proposed process using a real world case study. From the case study, the proposed process seems to be viable and to be a good alternative to estimate the supply capacity considering the timing and impact of the risk.
In terms of future research directions, we need to perform long-term validation of the proposed process with real data from A Company. We are currently contacting practitioners at A Company to perform such validation. Additionally, some other cases with real data should be considered and validated in the near future to ensure that the proposed process is robust and reliable in any real world situations. Now, we are actively looking for real world partners (i.e., any manufacturing firms) to access real data and to validate our proposed process again.
Furthermore, the proposed process can be extended by considering other risk types such as demand and transportation risks. Although we considered the supply risks in this paper, there are various risks in the supply chain. In order to generate a more accurate global production plan, supply, demand, and transportation risks should be estimated in advance and reflected on the final production and distribution plan. Additionally, some risks might be interrelated from each other. For example, supply risks could lead to the transportation risks because supply risks (e.g., production delay or stoppage) could increase transportation uncertainty. Thus, we need to check the relationship among supply chain risks, and the impact of risks should be strengthened or weakened considering this relationship appropriately. In other words, since some risks might come together with intensity or other risks might occur independently, we need to reflect each case on the plan differently. Finally, some other fuzzy numbers can be considered to estimate supply capacities better than the linear triangular fuzzy numbers. Because the main contribution of this paper is not to compare various fuzzy numbers but to provide the systematic approach for quantifying the intuitive and subjective opinion of experts by considering two factors, the timing and the impact of the potential risks, we left comparison among various fuzzy numbers to the future research topic. We will adopt other fuzzy numbers to estimate supply capacity considering the opinion of the experts and will validate their performance in the near future.
